ABSTRACT Controlling a grain dryer plant is a challenging task because of its complex drying mechanism. The aim of this paper is to investigate effective control strategies for a newly designed grain dryer plant, and to optimize the control performance, such as the overshoot, accuracy, and anti-disturbance abilities. In this paper, a genetically optimized fuzzy immune proportional integral derivative controller (GOFIP) is designed, which is a combination of intelligent fuzzy immune feedback control and traditional control. Fuzzy rules are used to imitate the biological immune feedback mechanism to automatically tune the proportional integral derivative (PID) parameters, and a genetic algorithm is used to optimize the controller's initial parameters, which can overcome the inadequacy of the general fuzzy immune PID controller. In addition, the dryer plant is introduced in this paper, and the classic drying model to verify the effectiveness of the proposed controller is fitted based on data from the practical drying experiments. Finally, simulation comparisons of control performances with three other controllers (the general PID controller, the fuzzy PID controller, and the fuzzy immune PID controller) are made, and anti-disturbance performance is tested based on the reformulated drying model in MATLAB. By simulating the step response of the outlet grain moisture content (MC), it is shown that the GOFIP controller has the best control performances to bring the outlet grain MC to the target value rapidly, enabling the drying control system to have no overshoot, better accuracy, and stronger anti-disturbance performance compared with the other three simulated controllers. The proposed controller has overcome the parameter adjustment difficulty of the traditional PID controller and can obtain the optimized control of grain drying by using the genetic optimization algorithm. The GOFIP controller is a reliable and precise control method incorporating uncertainty factors and may also provide an effective reference for controlling complex systems, such as those used in grain drying.
I. INTRODUCTION
Drying is defined as a process of moisture removal due to simultaneous heat and mass transfer [1] . From the control engineering point of view, grain drying is a complex process with the characteristics of long delay, strong nonlinearity and uncertainty parameters, for which it is not easy to build a precise mathematical model [2] . Thus, controlling grain drying is challenging.
Grain drying control is very important because it can decrease grain loss by controlling grain moisture and temperature to the desired level and it maintains the quality, freshness and longer storage life of grain. The fundamental requirements of a grain dryer controller are as follows: (1) stability-the system must not oscillate wildly; (2) accuracy-the output moisture content must be close to the set-point; and (3) robustness-the unit must perform successfully over a wide range of conditions [3] . Thus, an effective control strategy for grain drying needs to be further devised to meet the drying control requirements. In general, in the actual control process of a grain dryer, the speed of the grain discharging motor is controlled to realize the drying target by detecting the outlet grain moisture according to the corresponding control algorithm.
Classic traditional control has been successfully applied in areas where the system is well defined, but has difficulty in achieving complex control objectives, especially when the control objectives are affected by many factors, such as the material properties, the dielectric parameters, the climatic conditions, and the drying process, Thus, it is difficult to establish accurate mathematical models that enable the classical traditional control to meet the challenges.
However, in engineering practice, it is found that skilled workers can obtain satisfactory control results for such complex systems with rich practical operational experiences. The characteristics of the human operation experiences are fuzzy, such as larger, slightly smaller, and higher. By Learning such human control behaviors and describing these fuzzy conditional statements in the form (if. . . then. . .) with a fuzzy set, the fuzzy logic controller (FLC) is formed. The basic configuration of an FLC comprises four principal components: a fuzzification interface, a knowledge base, decision making logic, and a defuzzification interface.
An FLC is an intelligent controller that imitates human decision-making and common sense [4] . In essence, the FLC provides an algorithm that can convert the linguistic control strategy based on expert knowledge into an automatic control strategy. The FLC does not need to know the mathematical model of the controlled object and only needs to accumulate the experience data of a skilled human operator, which is the biggest difference from conventional control methods.
Biological immune systems are control systems with strong robustness and self-adaptability in complex disturbance and indeterminacy environments [5] . Thus, using fuzzy rules to imitate the biological immune system would be a workable control methods.
To effectively control the grain dryer which is a combination system of the radiation drying and hot air convection drying, taking into account the superiority of the fuzzy immune control method in dealing with complex systems, a genetically-optimized fuzzy immune control system (GOFIP) is presented that uses the fuzzy rules to learn the fuzzy immune control mechanism and the genetic algorithm to optimize the controller's initial parameters to obtain the optimal control of the dryer.
There are three main contributions of this paper. The first contribution is the detailed description of the GOFIP controller. The second contribution is the combination of four control methods: the biological adaptive immune feedback control algorithm, the fuzzy control algorithm, the PID control algorithm, and the genetic optimization algorithm. The third contribution is the simulation test of the proposed algorithm and comparisons with other controllers, which provide a reference for grain drying control.
The rest of this paper is organized as follows: in section 2, related works are introduced. In section 3, the dryer experiment setup is described, and the drying model for the newly designed dryer is presented based on the data of the field experiment. In section 4, the general P-type fuzzy immune PID controller is presented and simulated, the control performance comparisons with the PID controller and the fuzzy-adjusting controller are discussed, the inadequacy of the general P-type fuzzy immune PID controller is analyzed and the improved method is proposed. In section 5, the genetically-optimized fuzzy immune PID (GOFIP) is presented and simulated, and the anti-disturbance performance is also tested.
II. RELATED WORKS
The traditional control methods mainly include forward control, feedback control, forward-feedback control and other classical traditional control methods, which had met some difficulties in controlling the complex systems as grain drying. Qiang liu and Bakker-Arkema reviewed some traditional control limitations such as the controllers designed by Marchant,Whitfied, McFarlane, and Courtois et al. In a series of papers, Qiang liu presented a model-predictive controller (MPC) especially designed for grain drying. The simulation and field tests both showed that the controller performed well over a wide range of drying conditions. The distributed-parameter process model that the MPC employs is more comprehensive than the lumped parameter model and provides more detailed information on the process, but it requires more computation time [3] .
A drawback of the above mentioned studies is that the authors generally made several simplifications in developing the dryer mathematical model based on some assumptions and observations. These simplifications are expected to affect the performance of these models and consequently their reliability in representing the real process when using these models for control purposes. Moreover, the mathematical model generally consist of sets of highly complex and nonlinear partial differential equations(PDES) with several auxiliary algebraic equations that involve transfer coefficients and thermo-physical properties that require highly complicated numerical techniques to solve, rendering them undesirable options in control systems [6] .
In 1973, the founder of fuzzy mathematics, Zadeh, published a paper [7] in which he suggested capturing human knowledge in fuzzy rules. The British scholar Mamdani [8] published the essay ''Application of Fuzzy Algorithms for Simple Dynamic Plant'', and the control of a steam boilermachine system was successfully implemented using a fuzzy controller. This marked the birth of fuzzy control theory and technology. Thereafter, fuzzy controllers have been successfully applied in telecommunications, process control, chemical engineering, electrical and computer engineering, robotics, network and many other applications [9] - [15] and have rapidly developed in theory and technology.
Fuzzy logic controllers have also been successfully applied to grain drying control. Zhang and Litchfield proposed a fuzzy logic controller to control both the grain moisture content and breakage susceptibility using fuzzy rules to represent drying control knowledge. The simulation results showed that the fuzzy logic controller was effective and may be superior to conventional control methods [16] . In 1997, research by Taprantzis showed that fuzzy control has better dynamic characteristics than PI control [17] . Perrot et al. [18] successfully predicted the rice quality loss from hot air drying using fuzzy control rules. Research by Mansor et al. [19] shows that applying an intelligent controller such as a fuzzy logic controller to a grain drying system is a good choice because fuzzy logic controllers can estimate functions based on the partial knowledge of the system in case of parameter uncertainties and can address non-linear behavior. Lutfy O F et al. designed an intelligent simplified type 2 neuro-fuzzy controller for a belt dryer [20] .
In summary, the literature review suggests that fuzzy control can maintain good control of grain drying and obtain better control objectives for grain drying.
In the actual industrial control systems, fuzzy control usually needs to be combined with other controllers as a supplement. PID is a classic traditional control algorithm successfully applied in classic automatic control, but it relies on a model and has some limitations such as the initial values of general PID controller parameters not changing during the entire control process, thus affecting the control effect and making it difficult to reach the control requirements with more strict restrictions on overshoot. An adaptive fuzzy immune PID controller can overcome the limitations of the PID controller.
General fuzzy immune PID controllers have been successfully applied in many engineering areas, but the control performance of which still need to be improved [5] , [21] - [26] , On the other hand, to date, no relevant studies of fuzzy immune PID controllers have been applied to grain drying in the literature. So in this paper, a Genetically-optimized Fuzzy Immune PID controller (GOFIP) is presented to control the grain dryer in which the genetic algorithm is used to search for the best initial control parameter values to obtain optimal control. The GOFIP controller can not only dynamically adjust the control parameters to further improve the control quality of the PID controller and the general fuzzy immune controller, but also can achieve the optimal control parameter values via the genetic algorithm. By simulation of the control performance and comparison of several control algorithms based on the reformulated grain drying model for the designed dryer, the feasibility of the control method applied in the grain drying system is proved.
III. MATERIAL AND MATHEMATICAL MODEL OF THE GRAIN DRYER A. EXPERIMENTS SYSTEM
The controlled object is the self-designed grain dryer which has been put into use in the Harbin Development Zone, Binxi town, China, Dongyu Machinery Co. Ltd. Fresh, mature corn was purchased from a local farm (an agricultural area in northern China). The mechanism system of the grain dryer is shown in Fig.1 . The system consists of three parts: a wet grain bin, a grain dryer (type 5HSHF10), a dried grain bin, 3 bucket elevators, and 5 belt machines. Fig.2 is the drying structure of the dryer which is rectangularity in shape and its overall dimensions are 4.75m in height, 2.06m in length (thickness) and 1.3m in depth. The dryer has four sections: storage grain section (0.8 m in height), convection section (1.1 m in height), radiation section (0.8 m in height), and discharging grain section (1.2 m in height). The convection section is a combination design and there are three kinds of drying technique to choose: the concurrent flow drying, the concurrent-counter flow drying, and the mixed flow drying. The dryer can work in a continuous drying mode by forwarding the belt conveyor 6 or a cycling drying mode by reverse the belt conveyer 6. In a continuous drying, the wet grain enters into the dryer from the top of the dryer continuously, and pass through the mixed flow and radiation drying section to conduct the grain drying. In the meantime, the grain is evacuated from the bottom of the dryer into the dried bin by forwarding the belt conveyor 6. The final outlet MC of the grain dryer is determined by its drying time in the dryer. In a batch cycling drying, the grain will be discharged into the dryer again to carry out the cycling drying by reversing the belt conveyer 6.
In this paper, we mainly talk about the outlet grain MC control of the dryer which worked in a continuous drying mode by an intelligent control algorithm, moreover, the first batch grain in the continuous drying is not considered in the drying control.
In the whole drying control, the supplied grain MC is the most important disturbance varies with harvesting season and place. Other variables, such as the hot drying air temperature, velocity and humidity, are usually well controlled to an assumed constant, so little disturbance influence. Usually, in engineering practice, the drying time is taken as the controlling variable and the average outlet grain MC of the dryer is the controlled variable which is measured on-line by a capacitive sensor for control purpose. The drying time for the grain in the dryer is set by controlling the speed of the discharging grain motor in the entire drying system according to the corresponding control algorithm.
B. THE MATHEMATICAL MODEL OF THE OUTLET MC OF THE GRAIN DRYER
To get a mathematical model of the final outlet MC of the grain dryer with different drying time, the field drying experiment was carried out on December 4, 2015 which worked in a batch cycling drying mode. Because in cycling drying, the closer of the grain is to the outlet of the dryer, the drying time of the grain is shorter, the outlet grain MC values of the dryer will be distributed from high to low with the sampling drying time. Thus, the final outlet grain MC values at different drying time can be collected.
The experimental data samples were collected from the drying experiment when the ambient temperature was from −13 • to −7 • , the ambient relative humid was from 60% to 70%, the hot air speed was about 12m/s, and the initial moisture content value of the corn was about 24.4%. The outlet grain moisture values of data samples were measured by the means of a 105 • standard oven method (GB5497-1985), and its change curve with time (i.e., the drying curve) is shown in Fig. 3 .
The drying rate of the sampled outlet grain is approximately proportional to the difference in moisture content between the material being dried and the equilibrium moisture content at the drying air state [27] , [28] .
The empirical mathematical Henderson and Pabis equation is shown in formula (1), which is frequently used to fit empirical correlations for describing the drying behavior of natural products [29] - [31] .
where, M : grain moisture content, %; M 0 : initial grain moisture content, %; M e : grain equilibrium moisture content, %; M R is the relative moisture ratio shown in (2); t: drying time, hour; a and k are both the drying correlations need to be fitted based on the practical drying experiment.
The value of equilibrium moisture content(M e ) for natural products is usually small relative to M and M 0 , so formula (2) can be simplified to M /M 0 , and the equilibrium moisture M e is a value relevant to the hot air temperature and humidity during drying and it can be calculated according to (3).
where R H : relative humidity of the hot air during drying, %; T -temperature of the hot air during drying, • C. In reference to (1), Matlab cftool is used to establish the exponential fitting function of the drying curve of the outlet grain with time. The SSE (sum of squares due to error), R-square and RMSE indicate the goodness of fit of the equation. The SSE, R-square and RMSE can be calculated as follows (4) ∼ (7):
The closer SSE and RMSE are to zero, the better the fit; the closer R-square is to 1, the better the fit of the model to the data. After fitting, the coefficients and the function are obtained as follows (8) ∼ (10), and the function of outlet grain MC is shown in (11) . This is a goodness of fit with SSE: 0.03337, RMSE: 0.03, and R-square: 0.9618. The fitting curve is shown in Fig. 4 .
M R = 1.049 * e −0.094t
With the Laplace transform method according to the following steps, the differential equation (11) can be transformed into the corresponding first order transfer model The biological immune system produces antibodies against a foreign invasion by an antigen, which plays defense role. The most important cells in the immune system are the lymphocytes, which are mainly of two types, B and T cells. B cells are responsible for antibody production and carry out the immunity function, and T cells regulate the entire immune process. T cells are composed of inhibitory T cells (T S ) and helper cells (T H ), which, respectively, inhibit and help B cells respond to a stimulus. When the antigen is increasing, there are more T H cells and fewer T S cells in the body, which will produce more B cells, that is, more antibodies; when the antigen is gradually reduced, T S cells will increase and inhibit the generation of T H cells, thereby reducing the B cells and decreasing antibodies. When the antigen is eliminated, the immune response is completed.
Assume the k generation amount of antigen is ε (k), the output of T H cells is T H (k), and the output of T S cell is T S (k). According to the immune feedback mechanism, the total stimulation received by B cells is S (k), as shown in (14) .
where
is the change rate of ε (k), and f (·) is a nonlinear control function that represents the ability to inhibit the external stimulation. Its feedback control law is shown in (15) and (16); thus, it is also called the p-type controller:
Among these, k 1 is the speed of the control response, η = k 1 /k 2 is related to the stability of the response, and K p will change with the amount of the antigen. Moreover, a reasonable adjustment of k 1 and η is also crucial, and it can enable the control system to have a smaller overshoot and a faster response rate.
B. DESIGN OF THE FUZZY IMMUNE PID FEEDBACK CONTROLLER
Imitating the above immune feedback mechanism, a p-type fuzzy immune PID feedback controller is presented, that combines the fuzzy immune controller with the general PID controller.
The discrete form of the ordinary PID controller is:
The discrete output of the fuzzy immune PID is shown in (18) replacing the antigen ε (k) and its change rate ε (k) of the fuzzy immune system with, respectively, the output of the general PID controller u (k) and its change rate u (k).
where: The controller structure to control the outlet grain moisture is shown in Fig. 5 . The controlled variable is the output of the model-y (k) (the outlet grain moisture) and the controller VOLUME 5, 2017 variable is the immune controller output-u (k), which can control the drying time (i.e., u (k) can be used to control the speed of the grain discharging motor to obtain the tuning of the grain drying time). r (k) is the input of the control model, which is a step response function (the target moisture content value), and e (k) is the error between the output and the target value.
The fuzzy controller designed in the control algorithm is used to approximate the nonlinear function (f [u (k) , u (k)], and it has two inputs and one output. The two input variables of the fuzzy controller are the output of the PID algorithm (u (k)) and its change rate of error ( u (k)), and the output variable of the fuzzy controller is a nonlinear function (f [u (k) , u (k)]. As seen in (19)- (21), the parameters of the controller k p , k i , and k d can be adjusted adaptively with the change in u (k) and u (k), which overcomes the limitation that the general PID controller parameters cannot be dynamically adjusted during the control process.
The numbers of fuzzy sets for the input variable and the output variable are used to meet the requirements of accuracy. As the numbers of fuzzy sets increase, the numbers of fuzzy control rules increase accordingly, which will improve the accuracy of control, but meantime the complexity of control is increased. On the premise of satisfying the requirement of control precision, the least numbers of the fuzzy sets can be equal to 3; in addition, the numbers of the fuzzy sets for the input and the output can be unequal, in order to improve the output accuracy of control, the fuzzy sets numbers for the output variable can be increased. Based on the above analysis, in this paper each of the input variables has three fuzzy sets based on the minimum inference rules numbers principle:{positive, zero, negative}; in addition, in order to increase the accuracy of control, the output adopts five fuzzy sets: {positive big, positive small, zero, negative small, negative big}.The universe of discourse of the input and output are [−1, 1]. The fuzzy controller can use the 9 knowledge rules shown in Table 1 ( for example, if u (k) is P and u (k) is P then f u (k) , u (k) is NB), imitating the control principle of the biological immune feedback mechanism, and the input and output membership functions of the fuzzy controller are shown in Fig. 6, Fig. 7 and Fig. 8 . The relationship surface figure of the output and input in the universe of discourse is shown in Fig. 9 .
C. SIMULATION RESULTS 1
The above fitted first-order lag transfer function (13) is used to represent the practical grain dryer to validate the effectiveness of the fuzzy immune method in grain drying control. The general PID controller, the fuzzy PID controller, and the fuzzy immune PID controller are designed and simulated using the Matlab tool.
The input of each model is the step response function (Final Value = 0.15) imitating the final outlet moisture content of 15%; the step response curves of different control models are simulated within 300 sampling events. The PID controller transfer function is as shown in (22), where k p is the proportional coefficient, T i is the integral time, and T d is the differential time:
In practice, for certain set parameter values of K, L and T, the PID control indexes can be optimized using a numerical method, such as the ITAE (integral of time-weighted absolute value of the error) indexes, as in (23) .
The calculation formula for the regulator parameters is shown in (24):
The adjustment functions of each parameter are shown in (25) ∼ (27):
Proportional adjustment function:
Integral adjustment function:
Differential adjustment function: The values of A and B are fixed, as shown in Table 2 . Putting the value of A and B into (24) , the calculated values of k p , k i (k p /T i ), and k d (k p * T d ) are, respectively, 0.00528, 0. 00044, and 0.02011. In the simulation, the chosen PID parameter (k p , k i , k d ) values of all controllers are 0.00528, 0. 00044, and 0.02011, based on the ITAE Index. Moreover, the parameter values of k 1 and η of the fuzzy immune PID controller are tuned to 0.28, and 0.1.The simulation results of different controllers are shown in Fig. 10 , and the performance parameter values of the control system can be calculated by Matlab software according to the following definitions and are shown in Table 3 : The rising time t r : the time to reach 95% of the steady state for the first time in the transient process.
The maximum overshoot δ% is shown in (28):
y(t p ): The first peak value of the system response.
y(∞):
The steady value of the system response. Adjusting time t s : the time required from the first peak value y(t p ) to the steady value y(∞) that falls between the deviation allowed (±5%) and is maintained within the allowable range.
D. RESULTS DISCUSSION 1
The overshoot is an important index to judge a controller's performance, reflecting the control stability of the system such that it is not oscillating wildly (in the drying control, reflecting the outlet moisture fluctuations). Comparing the simulation results in Fig. 10 and the control performance values in Table 3 , it can be seen that the overshoot of the fuzzy immune PID controller is only 0.002% which is obviously smaller than that of the general PID controller (43.5%) and the fuzzy PID controller (28.2%). Furthermore, the transition time of the fuzzy immune PID controller to the steady value is zero and can enable the target value to be tracked steadily, which is better than the other two controllers. However, the rising time (the sampling number is 68) is longer than those of the other controllers, which needs to be further improved by improving the algorithms.
V. THE OPTIMIZED METHOD: DESIGN OF GENETICALLY-OPTIMIZED FUZZY IMMUNE PID A. THE DESIGN OF THE IMPROVED FUZZY IMMUNE PID CONTROLLER
Although the control effect of the fuzzy immune PID controller has been improved obviously in the control process, there is some difficulty in adjusting the parameters (k p , k i , k d , k 1 , η), which is often time consuming, and affects the control effect to some extent. Moreover, a reasonable adjustment of k 1 and η is also crucial, and it can enable the control system to have a smaller overshoot and a faster response rate.
To improve the limitation of the general fuzzy immune PID controller in this research, an improved fuzzy immune PID controller based on the genetic algorithm (GOFIP) is designed, which can find the optimal parameters (k p , k i , k d , k 1 , and η) according to the control situation. The structure of the GOFIP controller is shown in Fig.11 :
Genetic algorithm is a type of global optimization method that simulates the natural genetic mechanism and VOLUME 5, 2017 evolutionary theory. According to the fitness function value, the global optimal solution can be obtained by genetic evolution. Therefore, we can use a genetic algorithm to optimize the parameters k p , k i , k d , k 1 , and η. The basic genetic processes are selection, crossover, and mutation. The process of the genetic algorithm is shown in Fig. 12 . Parameter coding: Real code is adopted, and for a given parameter range [min, max] , the real number coding is equal to min+ (max-min) * rand.
Population initialization: Individual coding length is 5; population size is 50; and the generations of evolution is 100. To avoid the blindness of searching for the best value, the initial values of the parameters are first obtained by the PID tuning method, and then, these parameters are defined as the center from both sides to find the best value.
Fitness function determination: The minimum objective function of parameter selection is obtained from three aspects: stability, accuracy and rapidity. The minimum fitness value of each individual is obtained to allow the operator to select and judge the individuals. The optimal function of the controller is shown in (29) :
To prevent the control input of the controlled object from being too large, the output of the fuzzy immune PID controller is added to the objective function. In the formula, e (t) is the system error; u (t) is the output of the fuzzy immune PID controller; t r is the rising time; and w 1 , w 2 , and w 3 are the weights.
To avoid overshoot, a penalty function is adopted, shown in (30) (w4 w 1 ), erry (t) = y(t) − y(t − 1), where y (t) is the output of the controlled object; and δ is the size of the overshoot to be controlled. Once the overshoot is generated, it will be used as the optimal indicator. The selection, crossover and mutation operation are carried out according to a certain degree of fitness value to produce the next generation of population. If the end condition is satisfied, the operation is terminated; otherwise, optimization continues.
By comparing the simulation results of different control algorithms in MATLAB, the optimal control performance of the GOFIP controller is validated. The controlled object model of different algorithms is the above fitted model (13) to represent the practical drying process, and the input signal is the step function. The parameters of the general PID controller, the fuzzy PID controller and the general fuzzy immune PID controller are still the initial values calculated based on the ITAE standard. In the optimization process, to improve the algorithm exploration ability of the later generations, the current local optimum values are defined as the new search space center after a certain iteration of evolution. Finally, as shown in Fig.13 , the iterations stop after 52 generations of evolution, and the optimization solutions of the termination are: 1.k p = 1.793 * 10 Table 4 .
C. RESULTS DISCUSSION 2
As seen from the simulation results in Fig. 14 and Table 4 , the GOFIP shows the best control performances with no adjusting time and no overshoot (0.00%) compared with the other controllers, showing significant control superiority. Moreover, the rising time of the GOFIP (the sampling number is 30) is approximately 56% lower than that of the general fuzzy immune PID, and the limitation of the general fuzzy immune PID controller is improved.
D. ANTI-DISTURBANCE TEST DISCUSSION
There are many dynamic influencing factors for the grain drying, such as, initial inlet grain moisture change, hot drying air temperature change and etc. The influence of various disturbance factors in the control process can easily lead to uneven of the outlet grain moisture. As shown in Fig. 15 (a) , to verify the anti-disturbance performances of the controllers, the disturbance test has been carried out by adding two disturbance signals wherein a disturbance signal is held for 10 samplings with an amplitude of 0.04 at the sample event of 200 and the other is held for a longer time (60 samplings) with an amplitude of 0.04 at the sample event of 400. The first robustness test is to access the controller ability in handling such a sudden change in inlet grain MC, and the second robustness test is to access the controller ability in handling a longer disturbance such as a rise in hot air temperature.
From the simulation response results in Fig. 15 (b) , we can see that the anti-disturbance performance of the GOFIP controller is better than those of the other controllers in terms of adjusting time and fluctuations when the interference exists, and it can adjust the system output to the target value quickly and steadily. In the first robustness test, the response fluctuations of the two fuzzy immune controllers affected by the first input disturbance are both smaller than those of the other two controllers which indicates the robustness of the fuzzy immune PID controller over an uncertainty range of conditions. In particular, the GODFIP controller can adjust the output MC to follow the desired MC rapidly with zero steady-state error after the influence of the disturbance, and the adjusting time is the least compared to the other compared controllers. In the second robustness test, it can be seen that the fluctuations of all the controllers affected by the longer continuous disturbance are bigger than the first robustness test, but the adjusting time of the GODFIP to the desired value is still the least compared to the other controllers and it can counteract the effect of this second disturbance more rapidly and steadily. These robustness tests further verified the feasibility of the proposed GODFIP controller in controlling the grain drying, and it can provide an effective control reference for putting into practice in future works.
VI. CONCLUSIONS
In this work, an improved fuzzy immune PID controller based on genetic optimization (GOFIP) which combines the advantages of a genetic optimization algorithm with the general fuzzy immune feedback PID algorithm is described. It can not only dynamically adjust the PID parameters to further improve the control quality, but also can overcome the inadequacy of the general fuzzy immune PID controller. As seen from simulation results 1, 2, the GOFIP controller is superior to the other three simulated controllers, as the overshoot and the adjusting time are zero, depicting the control stability. Moreover, the rising time (approximately 56%lower) compared with the general immune PID controller is also improved, and the anti-disturbance ability of the GOFIP controller performs better than the other compared controllers which can adjust the output to the target value rapidly and steadily. We have tested that the GOFIP controller is more suitable for such a complex system as grain drying and can handle the uncertainty conditions of complex systems to some extent.
